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A Comparison of Auditory and Blind Separation
Techniques for Speech Segregation

André J. W. van der KouweMember, IEEEDeLiang WangMember, IEEEand Guy J. Brown

Abstract—A fundamental problem in auditory and speech pro- automatic speech recognition system or as the basis for a
cessing is the segregation of speech from concurrent sounds. ThiShearing prosthesis.
problem has been a focus of study in computational auditory scene o hroplem of speech segregation has also received atten-
analysis (CASA), and it has also been recently investigated from the . . S - .
perspective of blind source separation. Using a standard corpus of 10N from workers investigating blind source separation [16]. In
voiced speech mixed with interfering sounds, we report a compar- contrast to CASA, blind source separation Is a statistical tech-
ison between CASA and blind source separation techniques, which nique that draws no inspiration from mechanisms of auditory

have been developed independently. Our comparison reveals that fynction—nonetheless, it has been used to separate mixtures of
they perform well under very different conditions. A number of audio signals with some success [13], [2]

conclusions are drawn with respect to their relative strengths and . .
weaknesses in speech segregation applications as well as in mod- 1h€ purpose of th'_s paper is to compare the CASA approach
eling auditory function. to speech segregation with the blind source separation ap-

Index Terms—Auditory scene analysis, blind source separation, proach. We choose representative techniques from ea_ch do”.‘ai”
computational auditory scene analysis (CASA), oscillatory corre- @nd apply them to a standard corpus of speech mixed with
lation, speech segregation. various forms of interfering noise. Our study is motivated by
a desire to determine the conditions under which it is most
appropriate to apply each approach. Additionally, we aim to
identify the limitations of the techniques, and hence to suggest

UMAN listeners exhibit a remarkable ability to segregatdirections for future research.

the voice of a single speaker from a mixture of other in- To represent CASA we have chosen the system of Wang
truding sounds. This phenomenon may be regarded as oneaas Brown [25]. Blind source separation is represented by
pect of amore general process of auditory organization, whichle second order blind identification (SOBI) algorithm of
able to untangle an acoustic mixture in order to retrieve a perc&elouchranet al.[3] and the joint approximate diagonalization
tual description of each constituent sound source. The term afieigen-matrices (JADE) algorithm of Cardosbal. [9]. The
ditory scene analysis (ASA) has been introduced to describe thiB8SA and blind source separation domains are reviewed in
process [4]. Conceptually, ASA may be regarded as having t@ections Il and Section Il respectively, and in these sections we
stages. In the first stage, the acoustic mixture is decomposed ial®o give reasons for our choice of representative techniques.
sensory elements (“segments”). The second stage (“groupin§8§ction IV describes the data set used for the evaluation.
then combines segments that are likely to have originated frdfmally, we discuss the relative performance, benefits and
the same sound source. shortcomings of the techniques in Section V.

Recently, attempts to develop computational systems that
mimic ASA have led to the emergence of a new field, known
as computational auditory scene analysis (CASA) [5], [23]. 1. COMPUTATIONAL AUDITORY SCENE ANALYSIS
Much of the work in this field has focused on the problem of
segregating speech from interfering sounds (“speech segreOne of the first approaches to CASA is a system for sep-
gation”). An effective computational solution to this problenirating simultaneous talkers described by Weintraub [26]. In

would have application, for example, as the front-end to dhs system, a frequency analysis of the acoustic mixture is per-
formed by a bank of bandpass filters, and the interpeak interval

_ , _ _ in each filter channel is determined. This information is used to
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Fig.1. Schematic diagram of the Wang and Brown CASA model. The input first passes through a model of the auditory periphery (cochlear filteringl)d hai
which simulates auditory nerve activity. Midlevel auditory representations are then formed (correlogram and cross-channel correlationt naatyyoNeyer
neural oscillator network performs grouping of acoustic components. A final resynthesis path facilitates computation of signal-to-nogaptatidr@m [25]).

attempts to put biological realism on a firmer footing. Their ap- [ll. BLIND SOURCE SEPARATION

prt;ach w&clu%((aﬁ a mofqlfl gf the au:;toryf';ljtenphery(;:onssgnlg 0fBIind source separation relies on the availability of several
outer and middie ear filtering, cochiear hiitering and a mode iffering source mixtures and relatively strict requirements on

ne_uromeghamcal _transductlon. _Central processing 1S r_node ﬁg statistical properties of the sources. As work in the area pro-
using various z_;\udltory maps, which represent periodicities, frgée s, these requirements are becoming more relaxed [8]. When
quency transitions, onsets gnd offsets. The_se maps COITESRRRG: onditions are satisfied the technique is capable of near per-
with observed ngural mappings in the.audltory m@—bram anlct source separation. By definition, in blind separation there is
cortex. The auditory scene is divided into symbolic glemen  availablea priori knowledge as to the statistical distributions
using t_he maps, an_d elements are grouped according 1o &%he source signals; nor is there information available as to
similarity of their various features. the nature of the process by which the source signals were com-
Wang ?”d Brown [25] extend t.he worI§ of Brown and COO'.( ined. Therefore some assumptions must be made regarding the
by replacing the central processing portion of their model wi urce signal distributions and a model of the mixing process
a two-layer oscillator netyvork and employing Computational%ust be adopted. It is generally assumed that the source sig-
simpler methpds for agdltory feature extragﬂon. Segmentatmgls are statistically independent and that the mixing process is
of the acoustic input arises from t_he_dynamlcs of the_ﬂrs_t !‘?‘y‘?fnear. Blind separation algorithms attempt to invert the mixing
through a process of local excitation and global 'nh'b't'orbrocess in such a way as to recover components which are in
while grouping of segments emerges from the dynamics &f)me sense independent.
the second Ia){er.. A population of synch_romzed oscillators Statistical independence implies that the source signal joint
represents an individual sqund source. Different SOUTCeS fbments of all orders are zero. Algorithms ensuring only that
reprgsented by desynchromzed populations of OSC'”atO,rS' T @ second order joint moments are zero (i.e., that the covari-
“oscnl_ato_ry correlation” frame_vvo_rk represents a solution tgnce matrix is unit) fall into the category of principal component
the bmdmg problem—how distributed sensory co.mponenﬁalysis (PCA). The second order blind identification (SOBI)
of a single source are bourjd to.geth(.ar n the brain—and eﬁgorithm [3] uses only stationary second order statistics and is
§upported by rece_nt ne_uropmlogmal findings. The system Based on the joint diagonalization of a set of covariance ma-
|!Iustrated sphemaﬂcally In Fig. 1. Note Fhat the system allowstﬁ‘ces. Algorithms that operate explicitly on higher-than second
time-domain waveforrr_l to_ be resynthe3|ze(_1| for each segreg%?ger statistics are classified as independent component analysis
;ound source. The principal feat.ure that. is used for groupi Q:A) (we note that some nonlinear PCA algorithms implicitly
is fundamental frequency (FO); information about the FO ﬁ()erate on higher order statistics [16]). For example, the ICA

sound sources is derived from an autocorrelation analysis cedure of Comon [10] minimizes the fourth order cumulants
each auditory filter channel, forming a representation known gﬁlen by (1) after whiteningthe signals

the “correlogram.”

The Wang and Brown system has been chosen to represent .
CASA techniques for four reasons. Firstly, it is strongly moti- ccalll = 3
vated by auditory neurobiology; in contrast, many other CASA

approaches are inspired by mechanisms of auditory funqtion Wﬂerey is the vector of approximately separated signals. The
do not model them closely (e.g., [14], [21]). Secondly, it p?:&nt approximate diagonalization of eigen-matrices (JADE) al-

|\camn(yi, ys, Y, wo)|? 1)
igklAiiii

forms well and the results have been recently published. Third§rithm [7] minimizes the cumulant given by
the performance of the system has been tested using a readily-
available corpus of sound mixtures, which is described in Sec-
tion IV. Finally, since a waveform can be resynthesized for the
separated speech and noise, it is possible to express the perfor-
mance of the system using a commonly used metric—signal to
noise ratio (SNR). This allows a direct comparison with the per-u\ypitening’ refers to the process which transforms a signal vector so that
formance of the SOBI and JADE algorithms. the covariance matrix is unit.

crapell= > lam(yi, v, vl (2)
iAok
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TABLE |
INTRUSIVE SOURCES(FROM [11])

ID ” Description Characteristics

n0 1 kHz tone narrowband, continuous, structured
nl white noise wideband, continuous, unstructured
n2 || series of brief noise bursts wideband, interrupted? unstructured
n3 teaching laboratory noise wideband, continuous, partly structured
néd new wave music wideband, continuous, structured

nb FM signal ("siren") locally narrowband, continuous, structured
né telephone wideband, interrupted, structured

nf female TIMIT utterance wideband, continuous, structured

n38 male TIMIT utterance wideband, continuous, structured

n9 female utterance wideband, continuous, structured

It has been shown that the performance of algorithms that impteder technique and JADE is a fourth order technique. Since
ment (1) and (2) are equivalent, but a faster optimization procehe CASA algorithm with which blind separation is compared

exists for JADE [9]. is autocorrelation-based and therefore relies on second order
The simplest model for the mixing process is [20] statistics, it is appropriate to compare it with a second order
blind separation technique. Several algorithms are iterative,

m(t) = Ms(t) ©) converging on a set of parameters for the separating model.

where s is the vector of original source signal®i is the SOBI and JADE are not iterative, but act on the statistics of

mixing matrix andm is the vector of mixed signals observe&he f:omplete set Qf data directly. For separating linear mixtures

by the sensors. This simple linear model aligns the sour%s'gnals’ SOBI is representative of second_ order approaches
signals perfectly in time in the mixtures. For real audio signa?snd ‘]_ADE represents the best that any equivalent fourth order
this is very unlikely due to the different path lengths from thii€rative method can do.

sources to the various microphones [24]. Another complication

in real acoustic environments is signal distortion by filtering IV. TEST DATA

and echoes. Convolutive mixing models have been proposedye use the corpus of sound mixtures devised by Cooke [11]

to account for these effects and these may include delagys our evaluations. It consists of 100 speech and noise mix-

implicitly or explicitly [13]: tures, formed by combining each of voiced utterangesto
B v9) with each of ten intrusion§:0 ton9) intheratio1 : 1. The
mi(t) = Z (haj +57)(t) ) intrusions, characterized in Table I, reflect the various types of

! intruding noise which may occur in a natural listening environ-

where h; is the filter impulse response. Finally, the mixingnent. Five sentences were spoken by two male speakers to ob-
model may be nonlinear [27]. A number of adaptive algorithmain the ten fully voiced utterances. These are listed in Table II.
have been described for on-line separation of linear akdlly voiced utterances were used because Wang and Brown'’s
nonlinear mixtures. One algorithm uses a recursive gradigDASA system separates acoustic sources according to their FOs.
descent approach to maximize the kurtosis of the separatéalwvever, this is not a general limitation of CASA systems; for
signals [18]. Amariet aldescribe an adaptive algorithm forexample, Okuncet al. [22] describe an approach which uses
separating multichannel data that incorporates deconvolutigpatial location cues to segregate two utterances consisting of
and therefore handles the case of convolutive distortion, delaygced and unvoiced speech sounds.
and echoes [1]. For SOBI and JADE, one signal and noise mixture per separa-
The existing blind source separation algorithms vary ition is insufficient, since the required number of mixture signals
terms of three main properties—the complexity of the mixinmust equal or exceed the number of source signals. However this
process model, the order of the statistics used by the algorithismot a general limitation of blind source separation techniques.
and whether the algorithm processes the data iteratively orlimas been pointed out that with carefully placed microphones,
batches. We have chosen the SOBI and JADE algorithms baseg single desired source signal may be obtained with fewer mi-
on these three properties. Both algorithms assume a lineamphones than sources, at least in principle [6]. It has also been
mixing model. Although other algorithms incorporate delaydemonstrated that higher-order statistics can be used to recover
and nonlinearities in the mixing model, we know that our teshore sources than mixtures [12], [19], [28].
data set is constructed synthetically by linear mixing so thatIn this experiment, 100 mixturngairs were created by com-
the linear model given by (3) is appropriate. SOBI is a secotihing the voice and intrusion signals in the ratio 1 : 0.8 and
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TABLE I LA -
VOICED SOURCES(FROM [11]) H
& 60 .
k=)
ID || Speaker Utterance :é’ 50 i
5]
20 1 1’11 willingly marry Marilyn ® 40
2
vl 1 Why were you away a year, Roy? gl 30
o
v2 1 Why were you weary? T
g 20
v3 1 Why were you all weary? 2
vd 1 Our lawyer will allow your rule § 10
v5 2 I’11 willingly marry Marilyn = 0
v6 2 Why were you away a year, Roy? BT S S SR
n0 n1 n2 n3 nd n5 n6 n7 n8 n9
vl 2 Why were you weary? Intrusion
?
8 2 Why were you all weary? Fig. 2. Comparison of SNR before and after segregation by SOBI and JADE.
29 2 Our lawyer will allow your rule The left bar denotes initial SNR, the middle bar denotes SNR after segregation

by SOBI and the right bar denotes SNR after segregation by JADE. Voiced
speech is segregated from a mixture of speech and ten different intrusions (nO
= 1 kHz tone; n1= random noise; n2Z= noise bursts; n3= “cocktail party”

0.8 : 1. Itis important to note that the blind separation algorithftgise; n4= rock music; n5= siren; né= trill telephone; n7= female speech;
= male speech; and n8 female speech).

not only has two signals to work with in each case, but also ha&s
the implicita priori knowledge that the mixture consists of ex-

70
actly two components. The results of this experiment with SOBI

and JADE are contrasted with those of the CASA algorithm of & 60
Wang and Brown. For each type of intruding noise, the signal 2
to noise ratio before and after separation is given. These signal '% 50
to noise ratios are averaged over the ten voice signals after con- g 40
version to decibels. S
Wang and Brown presented their system with only a single S 30
mixture of signals, of which the SNR was equal to the average = 20
of the two presented to SOBI and JADE. The SNR values for the %
mixtures before separation are therefore slightly higher for the g 10
blind separation techniques (Fig. 2) than for the CASA tech- 2
nique (Fig. 3), because the higher SNR of the two mixtures 0
available in each case (the 1.0 : 0.8 mixture) was chosen for ol . . ;
a fair comparison. n0 nt n2 n3 nd n5 N6 n7 n8 n9

The SNR improvement in the case of the two blind separa- Intrusion

tion algorithms can be calculated directly from the estimate gfy. 3. SNR before and after segregation by computational auditory scene
the unmixing matrixN and the true mixing matrid if the un-  analysis. Voiced speech is segregated from a mixture of speech and ten different

mixing model intrusions labeled as in Fig. 2 (from [25]).
7(t) = N~lm(t) (5) V. COMPARISONS
The average SNR values (in decibels) for SOBI and JADE are
which is the reverse of (3) is adopted. The SNR is then given in Fig. 2. For comparison, the Wang and Brown results

[25] are shown in Fig. 3.
In order to compare these results meaningfully, it is necessary
to contrast the requirements of SOBI and JADE with those of the
mooni1 — Miono1 | ©) CASA technique. |
MoLM11 — M11M01 » For SOBI/JADE to be applied successfully, there are sev-
eral requirements on the properties of the signals. These
where the definitions for the parameters and the derivation are are summarized in Table Ill. Various blind separation al-
given in the Appendix. gorithms other than JADE allow compromises on several
The chosen CASA technique provides a resynthesis path for of these requirements. However, all of them require that
the separated signals [25], making it possible to determine the the source signals be in some sense statistically indepen-
SNR improvement. The performance of the blind separationand dent.
CASA approaches may thus be compared directly in terms of « CASA techniques in general require that the mixture
signal-to-noise ratios. signal, represented in the time-frequency plane, show

SNR =
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TABLE 1II could be incorporated into CASA systems in order to min-
SOURCE SIGNAL PROPERTIESRELEVANT TO SOBIAND JADE imize the distortion caused by echoes.

« If the microphones are relatively close together, the effec-
No. Property . .. . . . ..
tive mixing matrix (assuming that a linear mixing model
1 Statistical independence is indeed suitable) may be near singular.
. - « If the sources move in space, the value of the corre-
2 Stationarity of sources . .. . . . .
sponding mixing matrix varies with time. Batch mode
3 Constancy of mixing process algorithms such as JADE require that the source signals
4 Linear mixing be stationary and that the mixing process not vary with
— X — time. On-line adaptive algorithms that are able to handle
5 Mixing matrix not near singular mixing processes that vary with time have been described.
6 Known, fixed number of sources For example, LeBlanc and De Leon describe an adaptive
7 || Equal number of sources and available mixtures algorlthm that uses kurtosis maX|m.|zat|on to separate
voice signals [18]. The CASA algorithm has not been
8 Perfect temporal alignment tested with moving sources, but, again, they are expected
9 No convolutive processes before mixing to be a lesser problem due to grouping cues that are

intrinsic to the content of the source signals. Some blind
separation algorithms, in particular the neural network
well-defined regions corresponding to one or more of the ~ approaches [20}equirethat the signals be nonstationary
source signals. and may be able to handle a mixing process that varies
The CASA approach imposes less stringent requirements on  SIOWly with time.
the statistical and mixing properties of the signals than the SOBhe results of our tests, shown in Figs. 2 and 3, reveal the fol-
and JADE algorithms. The most important of these are propwing:
erties 6 and 7 in Table 11I—SOBI and JADE require that the
number of sources be known and that the number of available *
mixture signals be equal to the number of sources, whereas
CASA techniques require only a single mixture signal. In our
experiment, we have satisfied all of these requirements by de-
sign, except for the requirement of statistical independence of
the source signals. We have a constant, linear mixing process, a
mixing matrix which is far from singular, two sources and two _ .
mixtu?e signals, and perfect tempgral alignment of the source NI for the 1 kHz tongn0) and the sirer{5), and per-
signals within the undistorted mixtures. It should be noted that fo.rm§ worst for t.he female 9tteran(:e9). o .
blind separation algorithms have been described to deal with thé" Principle, the blind separation problem is impossible to
situation where the number of sources is unequal to and pg8lve if more than one of the signals is Gaussian and mixing is
sibly greater than the number of mixtures [12], [19], [28] anlinear, since the sum of Gaussian distributions is still Gaussian.

the problem of determining the unknown number of sources ha@€ most fundamental assumption which must be made for
been addressed [3], [28]. blind signal separation to work is that the source signals are
. : : . .independent in some statistical sense. In SOBI it is the second
For separating sounds in a natural auditory environment, it IS L ) -~
. ; . rder statistics that are used, and in JADE the statistics up
important to consider whether these requirements on the stafis- g .
. o . . - O the fourth order are used. These statistics are required to
tical and mixing properties of the signals are realistic. . . . .
be stationary. Since the other assumptions were satisfied by
« Echoes give rise to distortions in the representation of ti§@sign of the experiment, it is the statistical properties alone
source signals in the mixtures. Differing path lengths tefhich lead to the performance differences. Hence, the poor
the microphones result in temporally misaligned signaRerformance of JADE on the 1 kHz tone intrusion may be
[24]. Some blind separation algorithms handle distortiorgxplained by the fact that the tone mixtures yield poor higher
and delays by modeling convolutive processes [2]. Amagrder statistics. Similarly, the white noise mixtures contain rich
et al. describe an on-line adaptive algorithm for blind debigher order joint statistics, which can be exploited by JADE.
convolution, generalized for the case where the number®©BI is likely to perform well in situations where there is
sensors may be more or less than the number of sourg@9d spectral separation between sources. This accounts for its
[1]. Zhanget al. present a natural gradient approach thaglatively high performance on thed and»6 mixtures, since
also deals with over- and under-complete mixtures [28/€ tone and telephone both have their energy concentrated in
Signals containing echoes have not been dealt with BRIrow spectral regions.
CASA algorithms, but one would expect a lesser problem The greatest contributor to the variation in performance of the
because segregation in CASA algorithms is based on IBASA technique over the range of intrustions is the structure of
trinsic properties of auditory signals, such as pitch, artte intrusive sound in the time-frequency plane. This is charac-
these properties tend to be preserved in echoes. Additiderized in terms of bandwidth, continuity and granular structure

ally, computational models of the precedence effect [15} Table I. Intrusions which are represented by a compact area

JADE performs best for the white noi¢el), and it per-
forms worst for the 1 kHz tonén0);

SOBI performs similarly to JADE for the voice signals
(n7,n8 andn9), somewhat better for the noise burstg)

and rock musi¢n4), and significantly better for the 1 kHz
tone(n0) and the trill telephonén6);

CASA technique performs better than blind separation
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in the time-frequency plan can be very effectively rejected kyration techniques could help CASA in decomposing mixtures

the Wang and Brown system, such as the 1 kHz tone and sitbat overlap substantially in the time-frequency plane.

(and to a lesser extent, the trill telephone). Similarly, acoustic

mixtures which are fragmented and overlapping in the time-fre- APPENDIX

guency plane present the greatest challenge to the CASA tech- DERIVATION OF (6)

nique. As a result, the_ CAS.A system performs compar_atwelyéf the components of the vectors and matrices in (3)

poorly for broadband intrusions such as the random noise an i — _

S - are defined adM = ("’00 "’01), mt) = (’"0(”) and
peech. The patrticularly poor performancerth(the female mio My my(t)

utterance) may also reflect errors in the FO tracking procedur;e(,t) = (228) then (3) may be expressed in scalar form as

Finally, it may be noted that there are limits on the abilityg|ows:

of human listeners to separate simultaneous events. This is

well demonstrated by the ‘cocktail party effect’ [4]. In such mo =mMooSo + Mo1S1 (A1)

listening situations, humans are unable to distinguish every

conversation; however, they have a remarkable ability to attend

selectively to the voice of a single speaker. Wang and Brown’slIf the components of the vectors and matrices in (5) are de-

CASA algorithm works in a similar manner; it separates fned asN — moo mo1 ) andg(t) = yogg) then rearranging

target speech signal (the “foreground”) from interfering nois@e scalar form of (és vields vt

(the “background”). In contrast, blind separation techniques

m1 =mM10S0 + M1151- (A2)

typically attempt to segregate every source signal from a yo =20 _ oL, (A3)
mixture. %Jo Zoo
1 10

Y1=—— —"o. (A4)
i1 i1

VI. ConcLUsION Combining (A3) and (A4) gives

Blind separation can be remarkably successful at separating e — e
mixtures of sounds, provided that certain requirements on the Yy = 00711 L07oL, (A5)
properties of the source signals are met. These requirements o011 = Mo17t10
may not be equitable with a natural listening environment. ASombining (A1), (A2), and (A5) gives
work in blind separation progresses, the requirements are be-
coming ever less restrictive. If the conditions are met, blind sepy, — <m00”11 - m10”01> s0 + <m01”11 - m11”01> s
aration is a powerful technique. Tpo711 — 701710 00711 — No1M10
CASA algorithms are subject to quite different and biologi- (AB)
cally reasonable assumptions, and the performance profile for . - . - .
the test data set is correspondingly quite different. In the n {)—30 IS ghosento. be the ongmql signal andthe orlgmal noise,
ural environment, the methods of computational auditory sce Nyo IS the estimate qf the signal after separation. It then fol-
analysis bring the flexibility of the physiological systems whic pws that the SNR ofo is
they model to bear on a variety of signal mixtures, so that they
can achieve a reasonable level of separation in the absence of SNR,, = <
many of the requirements of blind separation.
In most of the noise conditions used here, the blind sepafeem which follows (6).
tion techniques outperform CASA by some degree. Cooke’s set
of acoustic mixtures [11] was designed to present a challenging ACKNOWLEDGMENT
test for CASA systems, and it does so by including a wide range

) 7 . . The authors thank the three anonymous reviewers whose con-
of possible noise intrusions. However, the corpus uses a smg{e

linear mixing model which satisfies all of the assumptions re_ructwe comments improved the presentation of this paper.

quired by JADE and SOBI. Similarly, other corpora intended
for testing CASA, such as the multi-speaker corpus described

by Karlsenet al.[17] lack the sensor array recordings required [l S: Amari, S. C. Douglas, A. Cichocki, and H. H. Yang, “Novel on-line
for blind . | ith cl \v. furth . f adaptive learning algorithms for blind deconvolution using the natural
or blind separation algorithms. Clearly, further comparison o gradient approach,” iRroc. 11th IFAC Symp. System Identificati&ii

CASA and blind separation approaches would be facilitated by  takyushu City, Japan, July 1997, pp. 1007-1012.

the use of a common corpus which was designed with both techl2] A.J.Belland T. J. Sejnowski, “An information-maximization approach
. . ind to blind separation and blind deconvolutiotNeural Comput.vol. 7,
niques in mina. pp. 1129-1159, 1995.

Finally, the different performance profiles of the CASA and [3] A. Belouchrani, K. Abed-Meraim, J.-F. Cardoso, and E. Moulines, “A
blind separation techniques suggest that there would be meritin  Plind source separation technique using second order statigese

bini the t h M ificall | Trans. Signal Processingol. 45, pp. 434—444, Feb. 1997.
combining the two approaches. More speciiically, scene ana T4] A.S.BregmanAuditory Scene Analysis Cambridge, MA: MIT Press,

ysis heuristics that are employed by CASA systems (such as  1990.

Continuity of FO and spatial Iocation), could be exploited by [5] G. J. Brown and M. Cooke, “Computational auditory scene analysis,”
Comput. Speech Langol. 8, no. 4, pp. 297-336, 1994.

blind Separation algorithms.in O_rder to improve their -perfor- [6] X.CaoandR. Liu, “General approach to blind source separatl&E
mance on real-world acoustic mixtures. Conversely, blind sep-  Trans. Signal Processingol. 44, pp. 562-571, Mar. 1996.

2 2
mooﬂll—mloﬂm) 54

- (A7)
mo1n11 — Mi11No1 8%
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